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Introduction
Previous studies of growth in this population of Soay sheep separately modeled birth masses and the growth process. However, state-space models require that the initial state be modeled jointly with the process. In our Soay sheep case study, the initial state was mass in the first August of life, a few months after birth (herein referred to as "first mass"). Because maternal covariates were only available for a subset of individuals, we modeled first mass as a completely random variable in the main text. For individuals with observed first masses, their first latent mass is pulled very near to the observed mass. Only individuals with unobserved first masses have an independently estimated latent first mass. In this appendix, we describe models that were fit to the subset of the data for which we had maternal covariates available including maternal age and mass. Organizing the data is specific to this application, so it is not presented here.
Defining the first mass predictors
To choose the predictors for the first masses, we created a subset of the data that contained a row for each individual with mass observed in August at age 0 (the lamb stage) and a column for each possible predictor. This data frame only contained data for individuals at age 0 and can contain no missing values. We slected the best predictive model for first masses using the dredge function from the MuMIn package. We separated models with summer or winter NAO because they are correlated.
Then for the growth model, we needed a slightly less restricted subset of the data. It is less restriced than the data described above because it is not necessary to observe the first masses for each of these individuals, only the necessary predictors for first masses. This subset of the data is organized in datm. Unlike the data used for the simpler model, this one contains columns with the predictors of first mass with names that begin with "birth" to indicate that they were observed in the year of birth.
For conciseness, we use the following abbreviations for the coe cients. They are described in more detail in the main text. 
Results of model selection
View the top models fit to the subset of data for which we had the necessary predictors. The top model formula is the same, but some of the other models are in a slightly di erent order.
First mass predicted
Check the mean relative di erence of the coe cient estimates for the top models.
all.equal(extract_coefs(tm_fm[[1]]), extract_coefs(tm_sd[[1]]))
## [1] "Component \"est\": Mean relative difference: 0.00268381" ## [2] "Component \"se\": Mean relative difference: 0.004640666" ## [3] "Component \"t.value\": Mean relative difference: 0.007204116"
These are very small di erences. So the growth estimates for the top models are essentailly equal no matter if we have predictors on mass in the first August of life or not.
Discussion
When we restricted our data to the individuals for which first mass covariates were observed and fit models with and without these covariates on first masses, model selection chose the same model structure for either analysis of this data subset and di erences in coe cient estimates were negligible (<1%). Covariates on the first mass included population density in the previous year, maternal mass, maternal stage (yearling or not) and whether or not the individual was born as a twin. The most parsimonious model chosen for this subset of the data still showed the same general patterns. More importantly, the di erences in this model compared to that chosen with the full data set are due to using a subset of the data, not due to including covariates on first masses. This indicates that the model that treats first mass as a completely random variable is adequate for the analysis of growth and its determinants. E ects on birth mass or first mass including maternal e ects and inheritance can be modeled separately.
Online Appendix S2 -Examining the most parsimonious model
In this appendix we examine aspects of the most parsimonious model. We examine the coe cient estimates and their Wald-type confidence intervals, do likelihood ratio tests on covariates of interest, and check for patterns in the random e ects. 
The best model

Changes through time
Here we check to see if there are any temporal patterns in the random e ects. As Ozgul et al. (2009) reported that sheep have been shrinking through time, we might see some trends unless this pattern is captured by the environmental covariates of weather and populaiton density. We omit the deviations of individuals who were only observed once because they are severley shrunken toward zero. and state-space models (SSMs) respectively fit to 100 simulated data sets. Data sets were simulated with recapture rates of 0.05 and 0.125 (i.e., 95% and 87.5% of repeated measures missing) which are represented by the x-axis. Each row of panels represents a di erent parameter of the model. Horisontal lines represent the true parameter value used to simulate growth data. Estimates are summarized by Tukey style boxplots in which boxes encompass the 25th to the 75th quantile with a thicker line at the median, whiskers extend from the box up to 1.5 times the inner quartile range (truncated to the location of data), and points represent outliers. (LMMs) and state-space models (SSMs) respectively fit to 100 simulated data sets. Data sets were simulated with recapture rates of 0.05 and 0.125 (i.e., 95% and 87.5% of repeated measures missing) which are represented by the x-axis. Each row of panels represents a di erent parameter of the model. Horisontal lines represent 0% error of the estimate relative to the true parameter used to simulate the growth data. Estimates are summarized by Tukey style boxplots in which boxes encompass the 25th to the 75th quantile with a thicker line at the median, whiskers extend from the box up to 1.5 times the inner quartile range (truncated to the location of data), and points represent outliers. 
Online Appendix S4-Model selection of random e ects
In this appendix, we present the results of model selection on the structure of the random e ects. As described in the main text, we first chose the age e ect and then given that age e ect, we consider other random e ects structures. For all these models, observation error sigma_obs was held as constant based on the independent estimation described in the main text; that's why its estimated standard error is 0. For all these models, masses in the first August of life had the same estimated mean for all individuals (i.e., ignoring covariates). In the model selection table, we only present models that had less than 2 deltaAIC compared to the best model within a given class of models (i.e., given the same form of age and random e ects).
For conciseness, we use the following abbreviations for the coe cients. They are described in more detail in the main text. To concisely describe the random e ects (RE) of each model here, we use the same notation as used by lme4. 
